Abstract-Arthritis, Parkinson's disease, Cerebral Palsy, natural aging and stroke are the main causes of arm impairment for an increasing part of the population. For instance, stroke affects 15 million people annually in the world causing upper limb disability, also about 78 million arthritis cases with grasping impairment are expected yearly in US by the year of 2040. Therefore, hand robotic devices can be essential tools to help individuals afflicted with hand deficit to perform activities of daily living in addition to the possibility of restoring hand functions by home rehabilitation. In this paper, a real time muscle activity detection algorithm has been developed to control a pneumatic actuated soft robotic glove intended for patients with grasping impairment. The algorithm employs two amplitude independent and computations efficient methods to detect weak and noisy muscle activities from surface electromyography (sEMG) signal obtained by a single channel located on the forearm. These methods are the first lag autocorrelation of the normalized sEMG signal and the modified SampEn method. The algorithm is also insensitive to the spurious background spikes that may contaminate the sEMG signal and deteriorate the performance of amplitude dependent detection methods. The merging of these two methods enables the algorithm to distinguish between hand open and hand close activities by using sEMG signal collected by only one channel. The efficacy of the algorithm has been evaluated on a healthy subject wearing the soft robotic glove, where the algorithm has recognized the hand close and hand open muscle activities with high accuracy. Employing single sEMG channel with computation efficient control algorithm leads to reducing the cost and the size of the soft robotic glove system and make it more practical for utilization in daily basis.
I. INTRODUCTION
Rehabilitation is predominantly conducted in clinics under the therapist's supervision, but this process is costly, timeconsuming, and needs special equipment only available in special places [1] . Therefore, an alternative solution is to utilize robotic gloves or hand exoskeletons to assist stroke patients in daily living activities or doing rehabilitation exercises at home. In the last years, soft robotic gloves have emerged as an alternative to the traditional bulky and rigid exoskeletons due to their portability, efficacy, safety, less complex designs and light weight [2] . Many studies on stroke patients [3] [4] [5] [6] have shown that the use of the soft robotic gloves in home rehabilitation improves the grasping performance and grip strength of the impaired hand.
Recently, controlling of the soft robotic gloves by using the surface electromyography (sEMG) signals has earned a lot of attention. This interest is motivated by the advantages of using the sEMG signal as a control signal, for instance, naturalness, direct correlation between the movement intention and the sEMG signal [7] , low time delay between human intention and movement of the device [8] , and simple obtaining of sEMG signal by employing the surface electrodes. However, robust controlling by using sEMG signals is still a challenging process because the signal characteristics are changed from time to time and from person to person due to many factors like sweat, fatigue, electrode location, electrical impedance of the skin [9, 10] . Moreover, the sEMG signal amplitude is not constant over the recording time due to the changes in the person exerted force or due to the variation of electrode-skin interface characteristics as well as the changes in the ground reference level [11] . Therefore, the muscle activity detection algorithms should be robust against the amplitude variations of the sEMG signal.
Many algorithms have been developed in the literature to detect the presence of muscle activities in sEMG signal [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] . However, most of these algorithms depend on amplitude features to report muscle activities or employing complex computation methods which impose difficulties on real time implementation. Until now, all the practical implemented soft robotic hand devices [23] [24] [25] [26] [27] [28] [29] [30] [31] have employed simple detection methods that use amplitude features to report muscle activities. These amplitude features like Root Mean Square (RMS) or Mean Absolute Value (MAV) of the sEMG signal have been used in the detection algorithms to control the glove, where these features are compared with a predefined threshold value to report the muscle activities. Moreover, it is observed that sEMG signals with high signal to noise ratio have been used to control the gloves in the above endeavors, whilst the disabled people always have weak and low signal to noise ratio sEMG signals. Therefore, the muscle activity detection algorithm should be able to detect weak contraction levels and can deal with sEMG signals that have low signal to noise ratio.
To simplify the hand soft robotic system and make it more practical for use in daily basis with easy don and doff, it must be light weight, fast setup time, and should have minimum number of sEMG channels. Among the three types of the soft robotic gloves, pneumatic actuated soft gloves are preferred over hydraulic actuated soft glove because it has less weight and over the cable actuated soft gloves because it has faster setup time and more safety [2, 4] . With respect to the number of sEMG channels, all the implemented soft robotic gloves systems have employed two channels to detect the muscle activities for hand close and hand open. In spite of some studies that have tried to develop algorithms for hand motions classification by using single sEMG channel [32] [33] [34] [35] , these algorithms have not been applied to control the practical implemented soft glove systems yet. This abstention is due to fact that most of these algorithms require high computation power and need time for training like neural networks which make them impractical for real time implementation on low scale hardware. Moreover, these algorithms depend on amplitude features to classify hand movements and need controlled laboratory environments to get good classification accuracies. Additionally, previous experiments [36, 37] have deduced that employing of the traditional classification methods is inappropriate with the severely impaired stroke patients due to the week sEMG signals and abnormal pattern of muscles activation.
The objective of this study is to develop a real time and amplitude independent muscle activity detection algorithm to control a soft robotic glove intended for patients with impaired hand to help them in activities of daily living and at home rehabilitation. The algorithm should be able to detect weak and low signal to noise ratio muscle activities from sEMG signal. Moreover, the algorithm should be able to distinguish between hand open and hand close activities from sEMG signal collected by only one channel. Additionally, the algorithm should employ computation efficient detection and recognizing methods to enable implementation with low scale hardware to reduce the cost and the size of these devices and make them more practical and affordable to the patients. Since the first lag autocorrelation is used to detect the nonrandomness of the data [38] , it is hypothesized that the first lag autocorrelation can be used to detect the presence of the weak muscle activity in sEMG signal with reduced computation efforts. To recognize hand open and hand close activities from single sEMG channel, second amplitude independent detection method is used which is the modified SampEn method. Since Entropy is used to measure the randomness and complexity of the signals [39] , sample entropy (SampEn) method has been employed to detect the muscle activities in sEMG signal against spurious background spikes [40] and against ECG contamination [41] . However, this method needs high computation efforts and it is difficult to be implemented in real time with low scale hardware. Therefore, a modified SampEn method was developed in this paper with reduced computation efforts to enable real time processing and to improve the detection of weak muscle activities especially for hand open. Merging of the first lag autocorrelation detection method with the modified SampEn method enables the algorithm to distinguish between hand open and hand close activities with high accuracy.
II. MATERIALS AND METHOD

A. Hardware Setup
A MyoWare Muscle Sensor operated by 3 Volts battery was used to collect and amplify sEMG signal from the Flexor Carpi Ulnaris muscle in the forearm of a healthy subject.
Amplified sEMG signal is converted to digital signal by using Data Acquisition Device from National Instruments with sampling rate of 1000 samples per second and the digital input samples are segmented into 100 samples for each segment. Then, each segment is processed by the muscle activity detection algorithm written in LabVIEW software and the output is used to control a soft robotic glove (from Cannonball trading, Japan) actuated by compressed air. Inflation and deflation system operated by 12 Volts battery was built by using miniature diaphragm pump and X-Valves from Parker to inflate and deflate the glove. The hardware setup used for the experiments is shown in figure 1 .
B. Muscle Activity Detection Algorithm
The flow diagram of the muscle activity detection algorithm is shown in figure 2 . The segment of the sEMG signal is filtered to remove the artifact noise and the power line interference. Since the first lag autocorrelation is the most changing value between sEMG signal with muscle activity and sEMG signal without muscle activity as shown in figure 3 for real sEMG signal, first lag autocorrelation is used to detect the presence of the muscle activity. For the first lag autocorrelation calculation, the sEMG signal is divided by the standard deviation (SD) of the segment to normalize it and to make it amplitude independent.
The value of the first lag autocorrelation (FL) of the normalized sEMG signal is calculated as:
Then, the value of AC is calculated as:
where 100 is the value of zero lag autocorrelation. Then, AC is compared with a predefined threshold; a muscle activity is reported when the AC value exceeds the threshold value. According to the experiments that were conducted by using real sEMG signals from a healthy subject, the threshold value can be set from 0.02 to 0.1. The threshold value is chosen as a compromise between increasing the detection sensitivity and decreasing the number of false alarms (false alarms causing unintended inflation or deflation of the glove), where decreasing the threshold value increases the detection sensitivity and the number of false alarms. Since the algorithm is intended for patients with weak muscle activities, threshold value of 0.02 was chosen in this experiment to get better detection sensitivity.
To calculate the modified SampEn value for each segment of length N samples, a number ( ) of sequences of length m samples are constructed as:
A pair of two such sequences X[i] and X[j] are defined to be similar if d=1, as:
where r is the predefined tolerance. Then, the number of similar pairs is calculated for the segment as: Fig. 3 . The first three lags autocorrelation of sEMG signal with and without muscle activity. The first lag autocorrelation is the most changing value.
Then, this number is normalized by dividing on 10000 to bring the SE value to the range of AC values as:
In this work, r = 0.25 × SD value was chosen as was used in the previous works [40, 41] , N = 100, m = 2 values were chosen; therefore 99 sequences of length 2 samples are constructed for each segment. Then, SE value is calculated according to the above procedure and a muscle activity is also reported if the SE value is greater than the threshold value.
To distinguish between hand open and hand close activities, the algorithm compares the three parameters AC, SE and the threshold values. If AC value or SE value is greater than the threshold value, a muscle activity is reported, where hand "Close" activity is reported when AC value is greater than SE value and hand "Open" activity is reported when SE value is greater than AC value.
III. DISCUSSION
As shown in the figure 4, the first lag autocorrelation detection method can detect weak and noisy muscle activities. Moreover, employing of this method in the muscle activity detection algorithm enhances the detection of the "close" muscle activities when the modified SampEn method fails to detect the activities. As illustrated in figure 5 , the first lag autocorrelation detection method does not affected by the amplitude variations of the sEMG signal. Also, this method is insensitive to the spurious background spikes that may be seen in the spinal cord injury subjects or hemiparesis stroke patients or even in healthy subjects due to displacement of electrodeskin interface or due electromagnetic interference [40] as shown in figure 6 .
In contrast to the SampEn method [39] [40] [41] , the modified SampEn used in this work calculates the number of sequences similarity for template of length m only and there is no calculation for template of length m+1. Moreover, the j value is computed from j= i+1 to N-m instead of j=1 to N-m, which means a reduction in the computation efforts by 91%. The modified SampEn method enhances the detection of weak and noisy "open" muscle activities when the first lag autocorrelation method fails to detect the activities as shown in figure 7 . Merging of the first lag autocorrelation method with the modified SampEn method has enhanced the detection of weak and noisy "close" and "open" muscle activities. Thus, the algorithm can be used for patients that have weak sEMG muscle activities. Moreover, the synergy between these two methods enables the algorithm to distinguish between hand open and hand close activities by using single sEMG channel as shown also in figure 7 . Therefore, employing computation efficient detection methods to detect muscle activities from single sEMG channel enable the algorithm to be implemented in real time and simplify the soft robotic glove system which makes it more practical for using in daily basis.
To assess the efficacy of the proposed algorithm for controlling the operation of the soft robotic glove, 100 attempts to close the hand and 100 attempts to open the hand were conducted in four rounds while a healthy subject was wearing the glove on the left hand as shown in figure 8 . For each round, 25 attempts of hand close and 25 attempts of hand open were carried out alternatively after each new don and doff of the sEMG channel at different times. The muscle sensor was located on the Flexor Carpi Ulnaris muscle without any preparation to the skin and without any gel to mimic a real scenario of using the robotic glove system in daily basis. The accuracies of distinguishing between hand close and hand open activities for the four rounds are illustrated in table 1. Fig. 4 . sEMG signal with two "close" muscle activities, The autocorrelation method can detect weak and noisy "close" muscle activities. IV. CONCLUSIONS A real time algorithm has been developed to detect muscle activities of hand open and hand close from single sEMG channel. The algorithm is used to control the flexion and extension of a soft robotic glove actuated by compressed air to help people that have hand impairment with activities of daily living and at home rehabilitation. The algorithm employs two computation efficient detection methods which are the first lag autocorrelation and the modified SampEn to detect and recognize weak "Open" and "Close" activities from the Flexor Carpi Ulnaris muscle in the forearm. The detection process does not affected by the amplitude variation of the sEMG signal and it is insensitive to the spurious background spikes that may contaminate the sEMG signal. The efficacy of the soft robotic glove system was evaluated on a healthy subject by trying to do 100 "Open" and 100 "Close" attempts at four rounds each of 25 attempts, each round was conducted after a new don and doff of the system at different times without any preparation to the skin to imitate a real scenario of using the system in daily basis. The algorithm has detected and recognized the "Open" and "Close" activities from single sEMG channel with high accuracies which lead to a reduction in the cost and the size of such systems and make them more affordable and practical for disabled people.
For future work, the efficacy of the proposed soft robotic glove system controlled by the sEMG signal will be evaluated on real patients with hand impairment to overcome the weaknesses that impede such devices to be feasible tool for people afflicted with hand deficit.
